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Abstract. Point-of-Interest (POI) recommendation is an important way
to help people discover attractive places. POI recommendation approaches
are usually based on collaborative filtering methods, whose performances
are largely limited by the extreme scarcity of POI check-ins and a lack of
rich contexts, and also by assuming the independence of locations. Re-
cent strategies have been proposed to capture the relationship between
locations based on statistical analysis, thereby estimating the similarity
between locations purely based on the visiting frequencies of multiple
users. However, implicit interactions with other link locations are over-
looked, which leads to the discovery of incomplete information. This pa-
per proposes a interdependent item-based model for POI recommender
systems, which considers both the intra-similarity (i.e. co-occurrence of
locations) and inter-similarity (i.e. dependency of locations via links) be-
tween locations, based on the TF-IDF conversion of check-in times. Geo-
graphic information, such as the longitude and latitude of locations, are
incorporated into the interdependent model. Substantial experiments on
three social network data sets verify the POI recommendation built with
our proposed interdependent model achieves a significant performance
improvement compared to the state-of-the-art techniques.

1 Introduction

Location-based social networks have become increasingly popular in the past few
years. Popular networks such as Foursquare, WhatsApp, FaceBook, Snapchat
and even Instagram all include check-in functionality, allowing users to share
their location-based information with their friends. In 2016, the social network
Foursquare had over 50 million users and 8 billion POI check-ins [1]. A point of
interest (POI) is essentially a locational hotspot, such as a restaurant, shopping
center or public park. With the emergence of location-based social networks, POI
recommender systems have been developed to recommend locations for visit [1].
Compared with traditional recommendation problems (e.g. product and movie),
there are a number of key performance-limiting challenges that current POI rec-
ommender systems face. One of the prominent issues is the scarcity of available
data. Recommender systems generally work by analyzing a user’s activities with
respect to items (which in this case is POIs) [2]. A key issue with POI data in
particular, is the high scarcity. A set of POIs can be extensive, however users



only tend to visit a limited number of them [1]. As a result, there is a limited
amount of POI visitation data available that a recommender system can use to
model a user’s preferences and behavior. Another challenging issue with POI
recommender systems is that generally, they are incapable of dealing with rich
contexts (e.g. geographical and social data), and base their predictions solely on
the visiting frequencies [2]. As visiting frequency tends to be scarce, it is impor-
tant that the influence of additional rich contexts on user behavior is considered.

Three popular methods used to power recommender systems are: item-based
and user-based collaborative filtering, and matrix factorization techniques. The
item-based models consider the similarity between locations based on common
users that have visited them [3]. User-based models involve generating user pre-
dictions based on similarities between users who have visited similar locations
[3]. Matrix factorization works by decomposing user visitation data into various
latent factors of users and locations [4]. These methods tend to be subject to the
same issues that all POI recommender systems face: data scarcity and a lack of
rich contextual awareness. Another factor that is not usually considered is the
coupled relationship between locations. Some research work [1] has analyzed the
explicit statistical relationship for locations based on check-ins. However, they
do not address the underlying implicit relationship, thus failing to capture the
complete semantic relationship between locations.

This study aims to address the challenge of capturing the coupled relation-
ship between locations, and implementing them in a POI recommender system.
The purpose is to address the data scarcity problem by introducing more infor-
mation, as well as taking more rich context into account by geographical data.
In this work, we propose a novel approach to measure the relationship between
locations by capturing both the intra-similarity and inter-similarity, using the
co-occurrence and link between them, respectively. The interdependent model is
based on statistical analysis of location occurrence patterns to determine how
similar locations are (intra-similarity), based on check-ins. We also attempt to
capture the relationship between locations that are not visited by the same users
(inter-similarity), via implicit links. Throughout this paper, we use interdepen-
dent and coupled interchangeably. The key contributions are as follows:

— Interdependent Similarity of Locations: We capture the coupled rela-
tionship between multiple locations with respect to both intra-similarity and
inter-similarity, via modelling the co-occurrences and links of locations.

— Geographical Information: We also integrate explicit rich context data
in the form of geographical distance using longitude and latitude, whilst
capturing the implicit coupled relationship between locations. This results
in a successful implementation of the interdependent item-based model.

— Excellent Performance on Real-Life Social Networks: We run our
model on the real-life data, including the world-wide Gowalla data, Aus-
tralia Gowalla data, and a closer case-study in Gold Coast via Twitter. We
observe major performance increases in terms of accuracy and error reduc-
tion. In some instances, the increase exceeds 32-fold (3118%). It verifies the
effectiveness of applying the coupled similarity and geographic information.



2 Related Work

Content-based filtering (CBF) and collaborative filtering (CF) techniques are
two popular approaches for recommender systems. CBF [2] approaches produce
recommendations for users by analyzing the content of items and user profiles.
CF [2] methods produce recommendations or predictions relying solely on the
past activities of users. CF can be classified into two classes: memory-based
and model-based algorithms. Memory-based algorithms are further divided into
user-based and item-based methods under different hypothesis [3]. User-based
approaches assume that similar users have similar tastes and make recommen-
dations based on the opinion of users’ most similar neighbors [3]. On the other
hand, item-based methods assume that users are interested in similar items [3].
Unlike memory-based approaches, which use the entire user-item matrix to make
recommendations, the model-based approaches [4] learn a predictive model from
training data to predict. Some of the most successful realizations of model-based
algorithms are built upon matrix factorization [3], due to their good scalabil-
ity and predictive accuracy. Matrix factorization techniques assume that users’
preferences and items’ characteristics are described by latent factors [4].

A few more recent and advanced methods include the Poisson factor models
[1], deep learning models [5], and probabilistic models [6], and etc. However,
none of them consider the coupling relationship between locations in the POI
recommendation. In our proposed interdependent model, the basic item-based
method is used to incorporate the coupling relationship to determine if it pro-
duces an improved prediction. We may consider to apply the interdependent
model to integrate with the sophisticated approaches as the future work, since
our proposed interdependent similarity is capable to be widely fit to different
model settings as required.

3 Problem Statement

A large number of users with multiple locations can be represented by the user-
location frequency graph, which is a weighted undirected bipartite graph Gil =
(U,L,E,, le), where U is a set of vertices that represent users, L is a collection
of nodes that represent locations, E,; is a set of edges to denote visits, and the
edge weights W;fl specify the number of visits to a location by a user. Given m
users U = {uy, - ,um} and n locations L = {ly,---,l,}, we then can define
an adjacency matrix Mf:l = [zg] € R™*™ for the frequency graph G’Zl. FEach
entry xg; in Mjl quantifies how many times the user u, visits each location I;.
For example, Fig. 1a represents a tabular form of an adjacency matrix, referred
to as a “user-location frequency matrix”, in which m users are each represented
by rows, and n locations are denoted by columns. The entry for a user us and a
location /; reflects the frequency that the user has visited the location, i.e. f,, ;.

The POI recommendation problem is to predict the top-K ranking locations
for the user u, with the estimated check-in entries (prediction scores) py_ i,
which is predicted via analyzing the historical visiting locations. For example,
Fig. 1b shows a tabularized matrix which now contains prediction scores (p, i;)
for each user (uy) for visiting each location (I;) (the ideal output of a system



addressing the POI recommendation problem). In this example, uz shows a se-
ries of numbers (prediction scores) for each location. A higher prediction score
indicates that the system predicts the user more likely to visit that location.
Hence, in this example, if K = 2, the top-2 locations would be I3 and [5.

Locations Locations
I lo I3 In I lo I3 Iy ls

UL | fuy by [ fursto [ Suiis | o [ Sugin U1 |Puy,ly |Puy,la |Puy,ly | Puy,ly|Pus,ls
2] U2 fu2,ll fu27l2 fu2,l:3 fu2,ln 2] U2 | Pug,ly |Pug,ly | Pug,ls | Puz,ly |Pus,ls
S 3| fusty | Fusita| Fasids | o | Fusin S u;0 0.3 | 1.2 | 4.7 | 1.8 | 3.6
D “ee cen “ee e D

Um | funby [ Lunstz [ fumds| - [fumiln Um [Pun 11 [Pun lz |[Pumls | Pum,la |[Pum,ls
(a) User-Location Frequency Matrix (b) User-Location Prediction Matrix

Fig. 1. Example user-location matrices represented in tabular form.

4 Interdependent Item-Based Model

4.1 Baseline Model

The basic model of the recommender system used is a classic example of item-
based collaborative filtering [3], in which the items are POIs in the POI recom-
mendation settings. In this model, a similarity matrix is calculated, representing
the similarity between different POI locations. This matrix is based on cosine
similarity between different location pairs [3]. The cosine similarity can then be
used to calculate predicted frequency values based on Equation (1) [7]. In this
equation, the predicted frequency (fs;) of a user (u,) for a location (I;) is equiv-
alent to the ratio of the sum of the similarities between [; and all other locations
multiplied by the frequency of visits for us at each location, and the sum of the
absolute similarities between [; and all other locations, as outlined below:

o2, 507 ) ()
Y X ISP )l

where fs,z‘ is the prediction score for user us at location I;, and S7°°(l;,1;) is
the cosine similarity between {; and [;. Equation (1) is used to yield a matrix of
predictions between each user and each location. Upon running data through the
above processes, it is possible to obtain a prediction score for each user-location
pair. It can then be added to a prediction matrix, as in Fig. 1(b). The baseline
model only considers the explicit relationship between locations via check-ins.

(1)

4.2 Interdependent Model
The interdependent model addresses the coupling relationship among locations
based on the user-location TF-IDF matrix, as well as geographic information.

User-Location TF-IDF Matrix The user-location TF-IDF matrix (M) is
derived from the user-location frequency matrix, by following an idea from text
mining [8], where each document is regarded as a user, each term is regarded
as a location, and the frequency of the word in an document is regarded as the



frequency of location visits by a user. So in such a matrix, each row represents
a user, while each column represents a location. The elements of the matrix are
the TF-IDF values of each user-location pairing. As a result, the values along
the matrix diagonal will always be 0. The TF in Mfﬁ can be calculated as the
ratio of the location visit frequency (f,.,) of a user and the total number of
locations visited by the user (Zlgeus fi:u.)- The IDF in M can be calculated
as the natural logarithm (for scaling purposes) of the ratio between the total
number of users and the number of users that have visited a specific location
(lu € U :1; € u|). TF-IDF value is the product of TF and IDF, formalized as:

fli,us n |U|
ZIQEus fli,us \u ceU: li S u|

tf-idf =

(2)

The Location-Location Transition Matrix For the geographical informa-
tion, we include a location-location transition matrix in our proposed model. The
rows and columns represent a set of POIs. Thus, every element of the matrix
represents the geographical distance between a pair of POIs (I; and [;) taken
from the set. This data can be calculated as the numerical form of Euclidean
distance from geographical co-ordinates, by using longitude and latitude. We use
such geographic information to define the coupled relationship among locations.
Based on the user-location TF-IDF matrix and the geographic information
in the form of location-location transition matrix, we are ready to propose the
coupled similarity between locations via intra-similarity and inter-similarity.

Intra-Similarity of Locations The first step in measuring the semantic relat-
edness between locations is to explore the explicit semantic relationship between
them, referred to as the intra-similarity of locations.

The intra-similarity between locations is based on the statistical analysis
of location occurrence patterns [1]. It supposes that locations are relational if
they are visited by the same user, and the intra-similarity between locations
can be estimated by calculating their co-occurrence frequency across all users.
In most of the previous approaches, the relationship between locations is simply
estimated by the inner product of their distribution across the entire user set.
Here, we adapt the popular co-occurrence measure Jaccard [9] to capture the
intra-similarity between locations according to their association in the user sets.
We capture the intra-relationship between locations for a single user, and then
extended it to compute the intra-coupling across the whole user set.

The intra-similarity of locations matrix (§7) is derived from the user-location
TF-IDF matrix. Both the rows and columns of this matrix represent locations
of the data set and each element represents the intra-similarity of the respective
location pair. At a user-level, intra-similarity is calculated for user u, as follows.

51 (15, 1 lus) = (2 - al;)/ (2 + ), (3)

where x{; and z7; represent TF-IDF values for a specific user at I; and [}, re-

spectively. To move intra-similarity of locations to the corpus level, the average



intra-similarity is taken for the set of users that have visited either location.
However, only the users that have visited both locations contribute to this total
calculation (other-wise their contribution to the sum is 0), as defined below.

1
st (l;, 1;|U) = o > s lus), (4)

us€8’

where S = {us|(2}; # 0) V (2}; # 0)} (the set of users visiting either location)
and " = {u,|(x; # 0) A (zy; # 0)} (the set of users visiting both locations).
When constructing the final matrix, if /; and [; are the same, then their
intra-similarity will always be 1, otherwise, the remaining intra-similarities are
normalized via feature scaling. This process is shown in Equation (5).

1 if i = §,
Sl ly) = S ULID i (87(10) (5)

T i T ifi#j,
(Zoax {7 (LU} =) min {67 (L, 1;1U)}

where 67%(l;,1;) is the intra-similarity between l; and ;, 67%(l;,1;|U) represents
the corpus-level intra-similarity between those locations before normalization.

Inter-Similarity of Locations The above intra-similarity only captures the
relationship between locations based on their co-occurrence frequency. However,
some locations are related to each other even though they do not happen to
be visited by the same user. As the absence of this underlying relationship, the
semantic information in the original locations cannot be completely captured,
which brings difficulties into the recommender system. Hence, we propose to
define the inter-similarity of locations to capture this underlying relationship.

We have captured the intra-similarity 67 @(l;, 1) between locations [; and I,
and 67%(lg,1;) between locations I and l;. The 5Ta(l;,1;) indicates the possi-
bility of visiting both locations I; and lx. Similarly, the 67%(ly, ;) captures the
possibility of visiting both locations I, when [;. Intuitively, it is easy to see that,
§1(1;, 1) and 67¢(lg,1;) should imply the possibility to visit both locations I;
and [;, thus the possibility can be determined using them.

The inter-similarity of locations matrix (§7¢T9¢°) compares the closeness of
locations even when they have not been visited by the same users. Equation (6)
is used to calculate the inter-similarity between locations. This matrix is derived
based on the values of the intra-similarity of locations matrix. The process also
involves taking geographic similarity into account, hence the information from
the location-location transition matrix is used to build the weights for locations.

sfeteco(l 1) = max  {min{gi - 8" (Li, k), grj - 0" (Ik, )Y}, (6)
le€L—{l;,l;}

where §7% is the intra-similarity between locations defined in Equation (5). gix
is the geographic similarity between locations I; and i, and g;; is obtained via
transforming the normalized max-min distance gj; to similarity, by applying



git = 1/(1 + §ix ). The value of g, is calculated as in Equation (7):

S . _ N . ‘ 7

Gie = lym — min {ya}]/[ max {yin}— min Ay}, (7)
where y;, is the (i, k) entry in the location-location transition matrix based on
Euclidean distance. The same calculation process applies to g; as well. For
i =4, we set 67t9°(; 1;) = 1. Otherwise, 67¢9°(];,1;) is used.

Interdependent Similarity of Locations The intra-similarity discovers the
explicit relationship between locations using their co-occurrences, and the inter-
similarity discovers the implicit relationship by their interaction with other lo-
cations. Hence, to capture the complete semantic relationship between locations
to build a high-quality recommender system, we couple the intra-similarity and
inter-similarity together to measure the semantic relatedness between locations.

The final matrix is the interdependent location similarity matrix (6¢), which
is representative a graph derived from the inter-similarity of locations matrix
and intra-similarity of locations matrix. This matrix is reflective of both the
inter-similarity and intra-similarity between locations. During the coupling, the
balance between intra-similarity and inter-similarity is controlled by the param-
eter . o is between 0 and 1, with higher values giving more precedence to
inter-similarity and lower values giving more precedence to intra-similarity. The
equation used to calculate the interdependent similarity of locations is outlined
as below.

(1 — Oé) . 51a(li,lj) + - 5Ie(li,lj) ifi#£ 7,

where 6 (1;, l;) represents the interdependent location similarity between I; and
l;. If ; and I, are the same, 6% (I;, ;) is set to 1. The value of 6 (1;,1;) falls within
[0, 1], in which O indicates that two locations are completely unrelated, while 1
indicates that they have the highest relatedness. Hence, the higher the coupled
score, the more similar the two locations. In our proposed interdependent model,
we replace the cosine similarity from Equation (1) with coupled similarity, to
calculate the recommendation score.

5 (1, 1) = {1 Hi=J, (®)

5 Empirical Study

5.1 Data Sets

In this study, a total of three data sets were used. Two of these were derived
from the public Gowalla data set. This data set included world-wide check-in
data from February 2009 to October 2010. This data set was sourced from Liu
et al. (2017) [1], who also filtered out users with fewer than 15 unique location
check-ins and POIs with fewer than 10 visitors.

— Gowalla: The Gowalla data set used in this study is sometimes referred to as
“Gowalla (0.1)”. This is a version of the public Gowalla data set (mentioned
above) that has been scaled down to only include the first 10% of users and
first 10% of locations. This scaled version of the data set contains 1873 users,
3250 locations and 51330 check-ins. The data set has a sparsity of 99.16%.



— Gowalla Australia: This is referred to as the “Gowalla (Aus)” data set. It is
filtered from the original public Gowalla data set obtained by [1], which again
contains world-wide check-in data from February 2009 to October 2010. The
filtered version of this data set contains check-ins to locations only within
Australia. The data is also further filtered to remove users with less than 10
check-ins and locations with less than 10 visitors. The remaining data set
consists of 7,717 check-ins from 866 users at 1,118 locations. The sparsity of
this data set is 99.20%.

— Gold Coast Twitter: This data set (referred to as “GC Twitter”) is ob-
tained by cross-referencing a set of all tweets made in the Gold Coast with a
set of known POIs obtained by crawling Foursquare. This is done by match-
ing the geo-locations of tweets to the geo-locations of Foursquare POIs. The
tweets were made between 1 January 2017 and 31 December 2017. The fi-
nal data set is further filtered down to remove users with less than 5 tweet
locations and locations with less than 5 users making tweets. The final GC
twitter data set contains 31730 check-ins of 1529 different users at 786 Gold
Coast POI locations. The sparsity of this data set is 99.30%.

The geographical bounding boxes of the Gowalla (Aus) and GC Twitter data
sets are shown in Fig. 2. Training and testing data sets are obtained by randomly
partitioning the frequencies in User-POI check-in matrix. 80% of the data is used
to train the models and the remaining 20% is used to evaluate.

Aasice

LLLLL

(a) Gowalla (Aus) Data Area (b) GC Twitter Data Area

Fig. 2. The geographical areas for (a) Gowalla (Aus) and (b) GC Twitter data sets.

5.2 Performance Metrics and Experimental Settings

Mean Error Two mean error metrics are used to evaluate the models. MAE
and RMSE are both metrics that are used for evaluating absolute error [10].
For the existing methods, we use the user-location matrix as truth. For the
interdependent model however, in order to address scaling issues, a TF-IDF
matrix is applied as truth. The smaller the MAE and RMSE error scores, the
better the recommendation quality.

Precision and Recall Precision (Pre@K) and recall (Rec@QK) are used to
further evaluate the models. This involves calculating precision and recall in



the top-K most recommended POIs. In this evaluation, precision is the ratio of
positive predictions and the number of predicted recommendations [1]. Recall is
the ratio of positive predictions and the number of POIs actually visited [1]. Since
precision and recall are expected to display different behaviors with different
values of K, the Fl-score [11] is also used as a means of coupling precision and
recall into a single metric. The larger the precision, recall, and F1 scores, the

better the recommendation quality.

1 ® MF Normal
User-Based
b Normal
= Item-Based
Normal
= ltem-Based
Coupled

Mean Absolute Error

RMSE

Root Mean Square Error
30—
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Gowalla  Gowalla GC (Twitter)
(0.1)  (Australia)

I I Coupled

Gowalla  Gowalla GC (Twitter)
(01)  (Australia)

(a) MAE

(b) RMSE

Fig. 3. Mean error in all data sets.

Experimental Settings For comparative purposes, all three data sets are also
run through three basic models: item-based collaborative filtering [3], user-based
collaborative filtering [3], and matrix factorization (MF) using singular value
decomposition [4]. There are no relevant parameters for the basic models. For
the interdependent model, the value of « is set to 0.5 (giving equal weighting
to both intra-similarity and inter-similarity when determining interdependent
location similarity). Each figure in the following section represents the proposed
interdependent model (the ”Item-Based Coupled” model) using the red bar. All
experiments are run on the Griffith University Gowonda HPC' Cluster using
Intel Xeon CPU X5650 processors@2.67GHz.

5.3 Experimental Results

With respect to mean error (in both metrics) all values between all of the basic
models are similar (as shown in Fig. 3). However, there is a very clear and distinc-
tive drop in MAE and RMSE with the interdependent model when comparing
it with the basic models. The most prominent drop occurrs in the Gowalla (0.1)
data set (which overall also has the lowest mean error for all models). The change
(between the interdependent model and the basic model) in MAE is approxi-
mately -8.30-fold (an 87.95% decrease) and in RMSE, -5.58-fold (an 82.09%
decrease). The second greatest drop in mean error occurrs with the Gowalla
(Aus) data set. For this data set, the change (between the interdependent item-
based model and the basic item-based model) in MAE is approximately -2.24-
fold (a 55.34% decrease) and the change in RMSE is approximately -1.86-fold
(a 46.19% decrease). For the GC Twitter data set, the fold change (between the
interdependent item-based model and the basic item-based model) in MAE is



approximately -1.40 (a drop of 28.82%) whilst the change in RMSE is approxi-
mately -1.19 fold (a drop of 15.80%). This is the lowest drop in mean error. In
terms of mean error, the interdependent model is thus considered a tremendous

success as it reduces error significantly across all data sets.
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Fig. 4. Precision, recall and Fl-scores on the Gowalla (0.1) data set.
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Fig. 5. Precision, recall and Fl-scores on the Gowalla (Aus) data set.

The precision and recall data also shows a prominent increase in performance
for both metrics with the interdependent model on the all data sets. There is a
remarkable increase in precision, recall and F1-scores which usually supersedes
all other models significantly. On all data sets, the basic item-based model tends
to perform worse than all other models, however, the interdependent item-based
model usually supersedes all other models. The most prominent changes in preci-
sion/recall metrics are observed when analyzing the Gowalla (0.1) data set (Fig.
4). Across all values of K, the average precision increase (between the interde-
pendent item-based model and the basic item-based model) is approximately
31.68-fold (a 3068.68% increase). The average increase in recall is 31.06-fold
(a 3005.86% increase) and similarly, the average increase in the Fl-scores is
32.18-fold (a 3118.38% increase). The changes are also significant in the Gowalla
(Aus) data set (Fig. 5). Again, across all values of K, the average precision in-
crease (between the interdependent item-based model and the basic item-based
model) is approximately 27.31-fold (a 2631.41% increase). Recall and F1-scores,
respectively, experience approximate 19.90-fold and 25.74-fold increases. This is
equivalent to increases of 1890.33% and 2473.89%.



The poorest precision and recall scores are observed with the GC Twitter
data set (Fig. 6), across all values of K, the average precision increase (between
the interdependent model and the basic model) is approximately 1.64-fold (a
43.078% increase). Similarly, the average increase in recall is approximately 1.70-
fold (a 40.70% increase). When coupled as an Fl-score, the average precision-
recall increase is approximately 1.64-fold (a 38.55% increase). At some values
of k (K10, K50 and K100) the interdependent model outperforms the matrix
factorization model whereas at others (K5 and K20) the matrix model outper-
forms the interdependent model. On average however, the interdependent model
still performs best (a 4.36% increase in precision compared to the matrix model,
a 13.46% increase in recall and a 5.28% increase in Fl-scores). It is also noted
that the improvement of our interdependent model on the GC Twitter data is
not as substantial as it is on the other two data sets. This is most likely due to
the fact that the GC Twitter data set is not based on explicit check-in data, but
rather, is implicitly derived under the assumption that a user is visiting a POI
when they make a tweet nearby.
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Fig. 6. Precision, recall and F1-scores on the GC Twitter data set.

Therefore, when considering model performance in terms of precision and
recall accuracy, the interdependent model is considered very successful. In every
data set analyzed, there is a significant increase observed. Whilst it is not as
substantial with the GC Twitter data (when compared to the other data sets),
it is still considered significant as a 5.28% increase in Fl-scores. Such an excel-
lent performance improvement is due to considering the coupling relationship
between locations, and the inclusion of geographic information.

6 Conclusion

There are many limitations of traditional collaborative filtering models, mainly
due to their poor performance on scarce POI data and lack of considering rich
context information. A basic item-based collaborative filtering model is used to
incorporate the interdependent location similarity to determine whether or not
including this relationship improves prediction outcomes. In doing so, this study
proposes a interdependent item-based model which successfully addresses the
data scarcity and rich context issues by capturing the implicit relationship be-
tween the locations in terms of intra-similarity and inter-similarity. The interde-



pendent item-based model also considers geographical data. The interdependent
model displays excellent performance when used to analyze social network data
sets. We observe excellent performance increases (up to 32-fold precision/recall
increases and an 89% RMSE decrease) on a world-wide POI data set. Excellent
performance is also observed when focusing on Australia and the Gold Coast so-
cial network data. The significant improvement verifies the great effectiveness of
including the coupling relationship between locations, as well as the geographic
information into the POI recommendation model.

The future directions of this research include optimizing the value of o with
different data sets, considering what data characteristics may influence the cou-
pled relationship between locations, and incorporating the coupled relationship
into the advanced approaches for POI recommendation, e.g. deep learning model.
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